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Abstract

Our ability to accumulatdarge, complex (multivariate) datasets
hasfar exceededur ability to effectively procesgshemin searctof

patterns,anomalies and other interestingfeatures. Conventional
multivariate visualizationtechniquesyenerallydo not scalewell
with respecto the size of the dataset. The focusof this paperis

ontheinteractve visualizationof largemultivariatedatasetsbased
on anumberof novel extensiongo the parallelcoordinateslisplay
technique We develop a multiresolutionalview of the datavia hi-

erarchicaklustering,andusea variationon parallelcoordinate$o

corvey aggr@ationinformationfor theresultingclusters Userscan
thennavigatethe resultingstructureuntil the desiredfocusregion

andlevel of detailis reachedusingour suite of navigationaland
Itering tools. We describethe designandimplementatiorof our

hierarchicalparallelcoordinatesystemwhich is basedon extend-
ing the XmdvTool system.Lastly, we shav examplesof the tools
andtechniquesppliedto large (hundredf thousandsf records)
multivariatedatasets.

Keywords: Large-scalenultivariatedatavisualization hierarchi-
cal dataexploration,parallelcoordinates.

1 Introduction

As datasetsbecomeincreasinglylarge and complex we require
more effective waysto display analyze, lter andinterpretthein-
formationcontainedvithin them. Continuouslyincreasinglataset
sizeschallengesundamentaimethodghathave beendesignedand
conceptuallyveri ed on small or moderatesizedsets. This chal-
lengemanifeststself in methodsacrosamary elds, from compu-
tationalcompleity to databaserganizatiorto thevisual presenta-
tion andexplorationof data. Thelatteris the subjectof this paper

A multivariate data set consistsof a collection of  -tuples,
whereeachentryof an  -tupleis a nominalor ordinal value cor
respondingo anindependenor dependentariable. Severaltech-
niqueshave beenproposedo displaymultivariatedata.We broadly
catgorizethemas:

Axis recon gurationtechniquessuchasparallelcoordinates
[10, 27] andglyphs[2, 4, 23].

Thiswork is supportedinderNSFgrantl1S-9732897.

Dimensional embeddingtechniques,such as dimensional
stacking[16] andworldswithin worlds[6].

Dimensionakubsettingsuchasscatterplot$5].

Dimensionakeductiontechniquessuchasmultidimensional
scaling[20, 15, 29, principal componenianalysis[12] and
self-oiganizingmaps[14].

Most of thesetechniquesdo not scalewell with respectto the
size of the dataset. As a generalizationwe postulatethat ary
methodthat displaysa single entity per datapoint invariably re-
sultsin overlappedelementsand a corvoluted display that is not
suitedfor thevisualizationof large datasets.The quanti cation of
the term“large” variesandis subjectto revision in syncwith the
stateof computingpower. For our presen@applicationwe de ne a
largedatasetto contain ~ to dataelementr more.

OurresearcHocusextendsbeyondjust datadisplay incorporat-
ing the processf dataexploration, with the goal of interactvely
uncovering patternor anomaliesiotimmediatelyobviousor com-
prehensibleOur goalis thusto supportanactive procesof discor-
eryasopposedo passie display Webelieve thatit is only through
dataexploration that meaningfulideas,relations,and subsequent
inferencegnay be extractedfrom the data. The major hurdleswe
needto overcomearethe problemsof displaydensity/clutteftoo
muchdataat oncetendsto confuseviewers)andintuitive naviga-
tion (what taskscomprisea typical exploration processand how
they canbe madeintuitive).

In this paper we focuson the interactve visualizationof large
multivariate datasetsusing the parallel coordinatedisplay tech-
nique. We proposea hierarchicalapproachthat presentsa mul-
tiresolutionalview of the data,with navigationand Itering tools
to facilitatethe systematiaiscovery of datatrendsandhiddenpat-
terns.Ourimplementationis basedn XmdvTool [25, 19], apublic-
domainvisualizationsystenthatintegratesmultiple techniquedor
displayingandvisually exploring multivariatedata.

2 Related Work

In recentyearsseveral researchefforts have beendirectedat the
displayof large multivariatedatasets.

One approachis to use compressiortechniqueso reducethe
dataset size while preservingsigni cant features. For example,
Wong and Bergeron [31] describethe constructionof a multi-
resolutiondisplay using wavelet approximationswherethe data
size is reducedthroughrepeatedmeiging of neighboringpoints.
The wavelet transformidenti es averagesand details presentat
eachlevel of compression.However, the transformrequiresthe
datato beorderedmakingit usefulonly for datasetswith anatural
ordering,suchastime-serieslata.

Anotherapproachstoletthecharacteristicef thedatasetreveal
itself. For example,Wegmanand Luo [28] suggesbver-plotting
translucentdatapoints/linesso that sparseareasfade away while



denseareasappeaemphasizedThedisadantageof thismethods
thatit relieson overlappingpoints/linesto identify clusters.Clus-

terswithout overlappingelementsill notbevisuallyemphasized.

Keimetal. [13] studiedpixel-level visualizationschemesvhich
permitthedisplayof alargenumbetrof recordonatypicalworksta-
tion screerbasedon recursve layoutpatterns.However, the num-
ber of displayablerecordsis dependenbn the size of the display
area.Thislimitation restrictsthe scalabilityof their method.More-
over, sinceeachpixel only representenevariable,it is dif cult to
corvey theinteractionsamongvariables.

Wills [30] describesa visualizationtechniquefor hierarchical
clusters. His approachexpandsupon the tree-mapidea [24] by
recursvely subdviding the tree basedon a dissimilarity measure.
However, the mainpurposeis to displaythe clusteringresults,and
in particular thedatapartitionsata givendissimilarityvalue.

Our researchdraws on several of the ideasfound in the abore
work. As in [31], we storeand presentour dataat multiple res-
olutions. However, to overcomethe dataordering limitation of
wavelets,we useclusteringand partitioningtechniques.We also
usetheopacityof linesasin [28] to reduceclutter However, rather
thancorveying datadensitywith overlappingines,we usedataag-
gregationtechniquedo collapsedatainto clusters,and shav the
populationand extentsof clusterswith bandsof varying translu-
ceng.

3 Parallel Coordinates
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Figure 1: Parallel coordinatesof Detroit homicidedataset: a 7-
dimensionabatasetwith 13 records.Noticethatthereareinverse
correlationsdetweerthenumberof clearechomicidesandboththe
numberof governmentworkersandthetotal numberof homicides.

We have chosenparallel coordinatesas the visualizationtech-
niqueto extenduponto supportlarge scaledata. Parallel coordi-
natess atechniquepioneeredn the 19805 which hasbeenapplied
to adiversesetof multidimensionaproblemd10, 27]. It hassince
beenincorporatednto mary commercialand public-domainsys-
tems,suchasWinViz [17], XmdvTool [25, 19], andSPS®iamond
(http:/lwwwspss.com/softare/diamond).

In this technique gachdatadimensionis representedsa (hori-
zontalor) verticalaxis,andthe  axesareorganizedasuniformly
spacedines. A dataelementn an -dimensionabpacds mapped
to a polyline thattraversesacrossall of the axescrossingeachaxis
atapositionproportionatto its valuefor thatdimension.

Parallelcoordinatehiave a distinctadwantageover conventional
orthogonatoordinatesBy laying outtheverticalaxeshorizontally
acrosghe screenthe numberof dimensionghatcanbevisualized
is restrictedonly by the horizontalresolutionof the screen.This is
in contrastto multivariatevisualizationin orthogonalcoordinates
whereprevious work [21] hasattemptedo augmenteachspatial
pointwith avectorof values usuallywith somevisualiconthaten-
codeghevalues.lt is clearthatwith suchanencodingschemepne

soonrunsoutof encodingpossibilitiesasthenumberf dimensions
increasesTheissueof dimensionalitynever arisesn parallelcoor
dinatesthoughasthe axesgetcloserit maybecomemoredif cult
to perceve structure®r datarelations.Moreover, usingparallelco-
ordinateswe caneasilyspotcorrelationsbetweervariablesin the
dataset(seeFigurel).

The main dif culty of directly applying parallel coordinatego
largedatasetsis thatthelevel of clutterpresentn thevisualization
reducesthe amountof usefulinformation one can perceve. For
example,the display of a massof overlappinglines precludeshe
perceptionof relative densitiespresentn the dataset(seeFigure
2). Our approachreducegheamountof clutterby imposingahier

Figure2: Parallelcoordinateslisplayof aRemoteSensinglataset:
a 5-dimensionatlatasetwith 16,384records.Note the amountof
over-plotting precludeghe perceptionof ary datatrends,correla-
tionsor anomalies.

archicalorganizationon the dataset. We thendisplayaggreations
of the dataat differentlevels of abstractiorand provide tools for

dynamicallynavigatingand ltering the hierarchy asdescribedn

detailin thefollowing sections.

4 Overview of Hierarchical Parallel Coor-
dinates

Exploratorydataanalysiss the summarizationdisplayandmanip-
ulation of datato make it more comprehensibléo humanminds,
thusuncovering underlyingstructurein the dataanddetectingim-
portantdeparturefrom that structure[3]. A completedata ex-
ploratorysystenmthushasthreemajoringredients.Table1 lists the
threemajor componentgo our approachandtheir corresponding
sub-componentsThethreebasiccomponentsire: the summariza-

Summarization Display Manipulation/
Filtering
Hierarchicalorganization | Proximity- Structure-baseBrush

with statistical aggrga- | BasedColoring
tion Transluceng

Drill-Down/Roll-Up
DimensionZooming
ExtentScaling
DynamicMasking

Table 1: BasicComponent®f the proposedHierarchicalParallel
Coordinate\pproach

tion of the databy imposinga hierarchicabtructureonthe dataset,
aschemdor displaying -dimensionabggrgateinformationand
a setof toolsfor navigating, manipulatingand Itering the hierar
chicalstructure We shalldescribeeachof thesecomponentén the
following sections.



5 Hierarchical Clustering

Our primary purposeor building a clusterhierarchyis to structure
andpresentlataatdifferentlevelsof abstractionA clusteringalgo-
rithm groupsobjectsor dataitemsbasedn measuresf proximity
betweerpairsof objects[11]. In particulay a hierarchicalcluster
ing algorithmconstructatreeof nestedtlustersbasedn proximity
information.

Let E betheasetof -dimensionabbjects,.e.,

where isan -vector:

An  -partitionP of E breaksE into  subsets

satisfyingthefollowing two criteria:

for all ,

A partitionQ is nestednto a partition P if every componenbdf
Q is apropersubsef acomponenbf P. Thatis, P is formedby
memging component®f Q. A hierarchicaklusteringis a sequence
of partitionsin which eachpartitionis nestednto thenext partition
in thesequence.

A hierarchicalclusteringmay be organizedas a tree structure:
Let beacomponenbf P, andQ bethe partitionsof . Let

be instantiatedby atreenode . Then,the componentof Q
form thechildrennodesof

We broadly catgorize approacheghat imposea hierarchical
structureto a datasetaseitherexplicit or implicit clustering.In ex-
plicit clustering hierarchicallevels correspondo dimensionsand
the branchescorrespondo distinct valuesor rangesof valuesfor
thedimension Hence a differentorderof thedimensiongive dif-
ferenthierarchicalviews. On the otherhand,implicit clustering
triesto groupsimilar objectsbasedn a certainmetric,for instance
the Euclideandistance.

Thereis alarge body of literatureon algorithmsfor the compu-
tation of implicit clusterg11]. The particularmethodusedfor the
treeconstructioris however notrelevantto this paper Any method
that builds a tree which abidesby the above de nitions could in
principlebe usedasthetreeconstructiorschemen our system.

However, most clustering algorithms are not appropriatefor
large datasetsbecausef large storageand computationrequire-
ments.In recentyears,a numberof algorithmsfor clusteringlarge
datasetshave beenproposed1, 9, 32]. We adoptone of these,
namelythe Birch algorithm[32], asour primary clusteringtech-
nique, althoughour visualizationtechniquesvould work equally
well with dataclusteredoy othermethods.

6 Visualizing Clusters

Eachnode in a hierarchicalclustertree T represents nested
collectionof enclosedlatapointsor sub-clustersAt eachnode we
maintainsummaryinformationof all pointsandsub-clustersooted
from it. Thefollowing informationmay be directly obtainedfrom

: thenumberof datapointsenclosed.
: themeanof thedatapoints.

. theextents,i.e. the minimumandmaximumboundsof
theclusterfor eachdimension.

. ameasure®f thesizeof cluster
: thetreedepthatnode

is acomputedmeasuref a clustersizeandsatis esthefol-
lowing criteria: If ~ isanancestoof |, then

Thevalueof is directly dependentn the shapeof the clusters
producedy theclusteringalgorithm.For sphericatlusters, may
be the radiusof a cluster For rectangulaclusters, may bethe

-dimensionalolumeof the cluster

We proposeto representhe informationat a node by making
useof variable-widthopacitybands Figure3 shavs a graduated
bandfadedfrom a densemiddleto transparenedgeshatvisually
encodesheinformationfor acluster Themeanstretchescrosshe
middle of the bandandis encodedvith the deepesbpacity which
is a function of the densityof a cluster de ned asthe ratio —.
This allows us to differentiatesparse proad clustersand narraw,
denseclusters. The top and bottom edgesof the band have full
transparenc The opacity acrossthe restof the bandis linearly
interpolated. The thicknessof the bandacrosseachaxis section
representthe extentsof the clusterin thatdimension.

Figure3: A singlemulti-dimensionagraduatedandthatvisually
encodesnformationata clusternode.

6.1 Multiresolutional Cluster Display

We de ne a horizontalcut S acrossatreeT asaboundarythatdi-
videsT into atop half anda bottomhalf andsatis esthefollowing
criteria: for eachpathR from the root to a leaf, S intersectsR at
exactly onepoint.

ClearlyS de nesa partitionof thedatasetE. We maythenvary
the level-of-detail (LOD) in our datadisplay by changingthe pa-
rameterghatcontrolthelocationof S.

Any variablethat varies S is a candidatefor the LOD control
parameterFor instancethe treedepthis oneconcevablediscrete
controlparameterHowever, it is a poor choicein somecasede-
causethe numberof nodesmay increasedramaticallywith depth.
This would manifestitself as abruptscreenchangesas the LOD
switchesvaluesat higherdepthsof thetree.

We desirea continuousLOD control parameteithat provides
smoothtransitionson our datadisplay We de ne:

We thenchoose asthe LOD controlparameter
De ne asthecollectionof clusterswhosesize s lessthan
orequalto butwhoseparentssizeis greatetthan . Then



(A) (B)

Figure5: Ambiguouscasein monochromatigarallelcoordinates.
(A) Two datapointsplottedin parallelcoordinates.(B) Differing
interpretatiorof thetwo pointsshavn onthe X-Z plane.

is a partition of E thatsatis esour criteriafor a continuoudevel-
of-detailcontrolparameterFormally, we de ne as:

or isaleafnode and

Note that is a single partition comprisingthe entire E,
while is a partitionconsistingof all theleafnodesof T.

Figure4 shavs a seriesof imagescapturedat six varying levels
of abstractior(only 3 areshavn in the Color Plates).The dataset
useds approximatel\230,000recordsof FatalAccidentReporty8
variablesshavn) compiledby the NationalHighway Trafc Safety
AdministrationNational Centerfor Statisticsand Analysis Acci-
dentlnvestigatiorDivision.

6.2 Proximity-Based Coloring

Monochromatidine drawings presen@aninherentdif culty in par
allel coordinates.Figure5 shavs a simple casewheretwo three-
dimensionatlatapointsgive anambiguousnterpretationThisam-
biguity arisesvheneer it is visually dif cult to tracethetopology
of adatapointasit traversesacrosshe coordinateaxes. This com-
monly occurswheredatalinesmeetat axislines.

Onewayto discriminatebetweersuchcasess throughtheuseof
color. It is easyto distinguishtwo intersectingdatalinesthathave
differentcolors. Ideally we wish to adopta coloring schemethat
assignolorsvia a similarity measure Datalinesthataresimilar
with respecto somemeasureshouldbein similar colors,whereas
dissimilardatalinesshouldbe shavn in contrastingcolors.

Our methodmapscolors by clusterproximity, hencethe name
proximity-basedoloring This proximity is basedon the structure
of the hierarchicaltree, thatis sibling nodesareconsideredloser
thannon-siblingnodes.We rst imposea linearorderon the data
clustersgatheredor displayata givenLOD value, . Theseclus-
tersaresimply the partitionelements asdescribedn thepre-
vious section. The elementsof are gatheredn a recursve
top-davn mannetusinganin-ordertreetraversal.

Finally, we assigncolorsto eachclusterby looking up a linear
colormaptable.Colorsareassignedo clustershasednthefollow-
ing recursive formula:

— 1)

where is thenormalizedcolor valueof node , and
is thecolor of theroot. We currentlyuse  asthe huecomponent
of anHSV colormap. is thebranching-&ctorof theclustertree,
isthetreedepthatnode , and is thesignfunctionde ned
as:
if i isodd
if i iseven @

Equation(1) colorsclustersbasedon the clusterorderderived
duringthetreetraversal.Thecolorrangesassignedby Equation(1)
arenestedust like clustersarenestedmeaninglarger clustersare
assigned broaderrangeof color valuesand smallerclustersare
assignedharraver ranges Sincesmallclusteramply thatelements
arecloserto eachother they are assignedctlosercolor valueson
the narraver color range. Equation(1) satis esour de nition of
proximity-basedoloring.

The equationhowever doesnot differentiatebetweenadjacent
elements(with respectto the linear order) belongingto different
subtrees.t is importantto distinguishbetweersuchelementsbe-
causesuchadjacenelementaredeemedsigni cantly separated”
accordingto our proximity measure.For this, we revise Equation
(1) by introducinga “buffer” betweensubtrees. The buffer acts
as an unusedcolor intenal betweensubtreesso that elementsat
the proximal endsof subtreesare not assignedccolorsthatarein-
distinguishable Clearly the buffer shouldbe larger betweenarge
subtreesandsmallerotherwise.

Let ,where , bethedesiredbuffer interval. Let therevised
de nition be:

— ®)

Equation(3) achievesour desiredpurpose We typically choose
to besmallwith valuesaround .

Proximity-basedcoloring highlights the relationshipsamong
clusters. Considerthe rst imageon Figure 6 (seeColor Plates)
which shaws the Iris dataset[7] without proximity coloring, and
the secondimagewhich shavs the samedatasetwith proximity
coloring. By comparingthe two images,it is clearthat coloring
aidsimmenselyin discerningmeaningfulpatternsin thisexample,
threedistinctclustersaareapparentasconcentrationsf blue,green,
andpink clustertrends.

It is however notalwayspossibleto imposealinearorderonthe
dataclusters.For instancea clusterchainforming a circularloop
is notamenabldo ary linearorder In this case anarbitrarybreak
mustbe madeat somepointin theloop. Dataelementsatthebreak
point, thoughsimilar accordingto our proximity measuremay be
assignedontrastingcolors.

7 Navigation and Filtering Tools

Sofar, we have structuredthe databy imposinga hierarchyupon
it andhave describeda techniquefor displayingthe dataat a given
level-of-detail. In this section,we describethe setof manipulation
and ltering toolsthatallow usto interactvely modify the display
in orderto discover new or hiddenrelationshipsn the dataset.

7.1 Structure-Based Brushing

Brushing,in the context of multivariatevisualization,refersto an
interactve procesdor localizinga subsebf adataset[19, 31, 28].
Marny usefuloperationssuchashighlighting,deleting,masking.or
aggr@ation,maythenbeperformedon elementghatlie within the
brushedsubspace.

Brushingis a direct and data-drven metaphar The operation
may be performedin 2-D screenspace,e.g., via methodssuch



Figure4: Thisimagesequencshaws a Fatal Accidentdatasetof 230,000dataelementsat differentlevel of details.The rst imageshavs a
cutacrosgherootnode. Thelastimageshaws the cut chainingall the leaf nodes.Therestof theimagesshav intermediateutsat varying
levels-of-detail.(SeeColor Plates).

sepal_Tength sepal_width petal_Tength petal_vidth
o 0e s.52 7.20 2.c2

Figure6: Left imageshaws Iris datasetwithout proximity-basedoloring. Rightimageshaws Iris datasetwith proximity-basedoloring
revealingthreedistinctclustersdepictedby concentrationsf blue,greenandpink lines. (SeeColor Plates).



asrubberbandingrectangleor mouselassooperations.Brushing
mayalsobeperformedn N-D dataspacedy interactie creationof
N-D hyperboxsby paintingover datapointsof interest.

Figure 7: Structure-basedrushingtool. (a) Hierarchicaltree
frame; (b) Contour correspondingo current level-of-detail; (c)
Leafcontourapproximateshapeof hierarchicatree;(d) Structure-
basedorush;(e) Interactive brushhandles{f) Colormaplegendfor
level-of-detailcontour

We introducea new variantof brushingthatwe have developed
asageneraimechanisnfor navigatingin hierarchicalspacecalled
structue-basedrushing(seeFigure 7). Detailsof the structure-
basedorushcanbefoundin [8].

Thetriangularframedepictsthe hierarchicatree. Theleaf con-
tour depictsthe silhouetteof the hierarchicakree. It delineateshe
approximateshapgormedby chainingtheleaf nodes.Thecolored
bold contouracrossthe middle of the tree delineateghe tree cut

thatrepresentshe clusterpartition correspondingo a level-
of-detail (Section6.1). The colorson the contourcorrespondo
the colorsusedfor draving the nodeson the main parallelcoordi-
natesdisplay(Section6.2). The two movable handleson the base
of thetriangle,togethemwith theapex of thetriangle,form awedge
in thehierarchicakpace.

Thebrushinginteractionfor theuserconsistof localizinga sub-
spacewithin the hierarchicalspaceby positioningthe two han-
dles at the baseof the triangle. The embeddedvedgeforms a
brushedsubspacaevithin the hierarchicalspace. Elementswithin
the brushedsubspacenay be examinedat differentlevel-of-detail
(Section7.2),or magni ed andexaminedn full view (Section7.3),
or masled or emphasizedising fadingin/out operationgSection
7.5).

7.2 Drill-do wn and Roll-up

Thetwo basichierarchicabperationsvhendisplayingdataat mul-

tiple levels of aggr@ationarethe“drill-down” and“roll-up” oper

ations.Drill-down refersto theproces®f viewing dataatalevel of

increasedletail,while roll-up refersto the procesof viewing data
with decreasingletail.

Our systenprovidessmoothandcontinuoudevel-of-detailcon-
trol in all drilling operations. The control parameteis basedon
ameasuref clustersize (Section6.1). The level-of-detailcanbe
variedindirectly usinga slideror directly by adjustingthe colored
contouracrosgheclustertree.

We coupleour drilling operationswith brushing. Our system
permitsselectve drill-down and roll-up of the brushedand non-
brushedegionindependentlyThis e xibility is importantasit al-
lows the viewing of a subsebf elementsn varyinglevels of detall
in relationto elementutsidethe subset.

7.3 Dimension Zooming

In parallelcoordinatesthe brushedsubspacappearssa con ned
strip acrosghe coordinateaxes. For a narrav brush,it maybedif-

cult to examinethe datawithin this con ned strip. To be ableto

studyelementsvithin asubspacandexploreits interestingcharac-
teristics,it is essentiathatwe treatthis subsebf elementsasdata
in its own right, and placethemin full view so thatthey canbe
examinedasappropriate.

The useof distortiontechniqueq18, 22] hasbecomeincreas-
ingly commonas a meansfor visually exploring denseinforma-
tion displays.Distortionoperationsllow the selectve enlagement
of subset®of the datadisplaywhile maintainingcontext with sur
roundingdata. We introducea distortion operationthat we term
dimensiorzooming We scaleup eachof the dimensionsndepen-
dentlywith respecto theextentsof thebrushedsubspacehus Il-
ing thedisplayarea.The subsebf elementsnaythenbeexamined
asanindependentataset. This zoomingoperationmay be per
formedasmary timesasdesired.For a datasetoccuyying alarge
rangeof valuesthis operatioris invaluablefor examininglocalized
trends.

Onecommonproblemwith suchscalingoperationsds thatit is
easyto lose contet of the big picture, and be lost wanderingin
someisolatedsubspace.To maintaincontextual information, we
displaya mini-map shaving the positionof the currentlyzoomed
spacein relationto the entire dataspace. Figure 8 shaws anin-
stanceof this zoomingoperationandthe accompaying mini-map.
As an additionalmechanisnfor context preseration, we animate
the zoomingprocesswhich shavs both the differencesn scaling
acrosgthe dimensionsaaswell asthe effectson datapointsneigh-
boringthebrushedarea.

7.4 Extent Scaling

Wherethereareoverlappingbandsit is oftendif cult to isolateor
tell themapart. Our systemovercomeghis dif culty by allowing
the thicknessof bandsto be scaleduniformly via a dynamically
controlledscalefactor With this featurewe can,for example,re-
vealtherelative sizesof the extentswhile reducingocclusiongsee
Figure9).

7.5 Dynamic Masking

Anothertool for managingthe compleity of a densedisplayis a
processve call dynamicmasking Thisinvolvescontrollingtherel-
ative opacitybetweerbrushedandunbrushedreasWith dynamic
masking theviewer caninteractiely fadeouttheunbrushechodes,
therebyobtaininga clearerview of the brushechodes.Conversely
thebrushechodescanbefadedout, thusobtainingaclearewiew of
theunbrushedegion. Hence context is maintainedvhile reducing
clutter(seeFigurel0).

8 Conclusion and Future Work

Thispaperescribedierarchicaenhancements theparallelcoor
dinatesvisualizationtechniqueto facilitatethe explorationof very
large multivariatedatasets. Therearethreemain contrikbutions of
our generalapproacho hierarchicalisualizationon parallelcoor
dinates First, our clusterbasechierarchicaknhancementsrovide
amultiresolutionview of the dataandaid in revealingdatatrends
atdifferentdegreef summarizationSecondopur proximity-based
coloringschemeassureshatdataandclustersrom similar partsof
the hierarchicalstructureare shavn in similar colors. The color
schemenot only hasa visual impact, but alsoaidsin direct data
selectionby color. Third, we augmentour systemwith a set of



Figure8: Theimagein the middle shavs a magni ed view of the brushedregion indicatedby the redlinesin the leftmostimageandan
accompaying mini-mapthatcaptureghelocationof the brushwith respecto the entiredataspace (SeeColor Plates).

Figure9: Theleftimageshavs aview of theFatalAccidentdatasetwithoutextentscaling.Noticethattheoverlappingbandsmale it dif cult
to gaugetherelative extentof thebandsasopposedo the samedatasetat the right imagebut with extentscaling.



Figure 10: Theimageon the left shavs the Trafc Safetydatasetdisplayedwithout dynamicmasking. The middle imageshaws partial
fading. Theimageon the right shaws the effect of completefading,with the unselectechodesfadedout. The nodesaredravn with their
actualencodedtolorsto betterdistinguishthem. Notice theincreasedlarity in theright image. We obsere thatboth of theseclustershave
accidentghatinvolved not morethantwo vehiclesandtook placeduringlighted conditions. However, they differ widely in the numberof
personsnvolved andthekind of atmosphericonditionsunderwhich theaccidentsccurred.

navigationtoolsto supportdatalocalizationand subspacerilling
operationsvhile maintainingcontect within thedataspace.

Theideasin this paperareimplementecas OpenGLextensions
to XmdvTool 3.1. Thesourcecodeandvideoclips highlightingthe
operationssupportedwill be madeavailableto the public domain
in thenearfuture (seehttp://davis.wpi.edu/ xmadv).

This work is partof ongoingresearchat WPI focusingon mul-
tivariatevisualizationof large datasets. Our future undertakings
include extendingthe hierarchicalmethodsto othervisualization
modesin XmdvTool, including scatterplotsglyphs, and dimen-
sional stacking. This will be donein a uni ed mannerto main-
tain consisteng acrossall display modes. In particular we are
interestedn studyingwhetherthe navigation/interactiortools we
have developedfor parallelcoordinatewill applyacrossothervi-
sualizatiortechniquesWe arealsoinvestigatingeffective database
managemenstratgieswithin a large-scalemultivariatevisualiza-
tion setting,includinginnovative indexing schemesndqueryopti-
mizationsto maximizeperformancdor interactive dataexploration
tasks. Finally, we planto expandour work on perceptuabench-
markingfor multivariatedatavisualization[26] to focuson assess-
ing the effectivenes®f varioustechniquesvhendealingwith large
datasets.
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Figure4: Thisimagesequencshavs a Fatal Accidentdatasetof 230,000dataelementsat differentlevel of details.The rst imageshavs a
cutacrosgherootnode.Thelastimageshavs the cutchainingall theleaf nodes Themiddleimageshavs anintermediatecut.

Figure6: Left imageshaws Iris datasetwithout proximity-basedoloring. Rightimageshaws Iris datasetwith proximity-baseatoloring
revealingthreedistinctclustersdepictedby concentrationsf blue,greenandpink lines.

Figure8: Theimagein themiddle shavs a magni ed view of the brushedegionindicatedby theredlinesin theleftmostimageandan
accompaying mini-mapthatcaptureghelocationof the brushwith respecto the entiredataspace.



